Motivation: Many repetitive DNA elements are transcribed at appreciable expression levels. Mapping the corresponding RNA sequencing reads back to a reference genome is notoriously difficult and error-prone task, however. This is in particular true if chemical modifications introduce systematic mismatches, while at the same time the genomic loci are only approximately identical, as in the case of tRNAs. Results: We therefore developed a dedicated mapping strategy to handle RNA-seq reads that map to tRNAs relying on a modified target genome in which known tRNA loci are masked and instead intronless tRNA precursor sequences are appended as artificial 'chromosomes'. In a first pass, reads that overlap the boundaries of mature tRNAs are extracted. In the second pass, the remaining reads are mapped to a tRNA-masked target that is augmented by representative mature tRNA sequences. Using both simulated and real life data we show that our best-practice workflow removes most of the mapping artefacts introduced by simpler mapping schemes and makes it possible to reliably identify many of chemical tRNA modifications in generic small RNA-seq data. Using simulated data the FDR is only 2%. We find compelling evidence for tissue specific differences of tRNA modification patterns.
Introduction
Transfer RNAs (tRNAs) implement the genetic code and are present in all living organism. Most genomes contain distinct tRNAs for almost all of the 61 codons. Most transfer RNAs are multi-copy genes that evolve under concerted (Liao, 1999) or rapid birth-death evolution. Gene copies that escape concerted evolution are rapidly converted to pseudogenes and quickly degrade. This implies a rapid net turnover of tRNA genes at individual loci (Bermú dez-Santana et al., 2010; Rogers et al., 2010; Rogers and Griffiths-Jones, 2014; Velandia-Huerto et al., 2016; Wang and Ruvinsky, 2012) .
The surviving paralogous copies therefore maintain almost identical sequences over long evolutionary time-scales. The biogenesis of tRNAs involves multiple maturation steps of the primary RNA polymerase III transcripts, i.e. removal of the 5 0 -leader, trimming of the 3 0 -trailer, addition of CCA, splicing of introns that may be present, and chemical modification of multiple nucleotide residues (Hartmann et al., 2009; Phizicky and Hopper, 2010) . Enzymatic addition of CCA by nucleotidyltransferases is essential for aminoacylation in all organisms that do not encode CCA termini at the genomic level (Sprinzl and Cramer, 1979) . This is the case for all Eukarya and Archaea as well as the majority of Eubacteria. Mature tRNAs contain by far the largest fraction of chemically modified nucleotides of all known nucleic acids. These not only impact both structure and function, recently reviewed in (Jackman and Alfonzo, 2013; Lorenz et al., 2017) , but also contribute to regulation of translation (Gu et al., 2014; Rojas-Benitez et al., 2015) . In the anticodon loop, modified bases have a strong contribution to specific and efficient ribosomal decoding. A37 is usually converted to isopentenyl adenosine 6iA and often modified further to ms2i6A (Lamichhane et al., 2011) ; G37 tends to be methylated to 1mG and can be further processed to wybutosine (Urbonavicius et al., 2003) . In position 34 different modifications, ranging from thiolation (like 2sU) to hypermodifications such as queosine, support codon recognition according to the wobble rules (Agris et al., 2007; Vinayak and Pathak, 2009) . Modifications modulating the stability and flexibility of tRNA structure (Motorin and Helm, 2010) include 1 mA at position 9 of human mitochondrial tRNA Lys , forcing the tRNA to adopt the typical cloverleaf structure (Voigts-Hoffmann et al., 2007) . Dihydrouridine (D) and pseudouridine (W) in the D-and TWC-loop are involved in tertiary base pairs and enhance the folding of the transcript into the L-shape (Du and Wang, 2003; Nobles et al., 2002) . Pseudouridines in particular contribute to the overall stability of tRNA structures. Finally, tRNA modifications also function as identity elements for interaction with the corresponding synthetases, contributing to the fidelity of aminoacylation (Giegé et al., 1998) .
Many nucleotide modifications affect reverse transcription and thus become visible in RNA-seq datasets as position specific increase in the rate of sequencing errors or as an accumulation of apparent read terminations at the adjacent position to the modified base (Helm and Motorin, 2017) . Early analyses of tRNA sequencing data showed that tRNA modifications in plants are readily detectable (Iida et al., 2009; Ebhardt et al., 2009) . Later analysis demonstrated that the profiles of sequencing errors are at least approximately reproducible between experiments (Findeiss et al., 2011; Ryvkin et al., 2013) .
Sequencing tRNA is challenging both experimentally and in terms of the subsequent computational analysis. The main experimental difficulties are a consequence of extensive, stable secondary structures and the presence of chemical modifications. Both can interfere with adaptor ligation and cDNA synthesis in the course of library preparation (Zheng et al., 2015) . Regarding data analysis, reverse transcription errors induced by numerous chemical modifications, multiple identical and nearly identical genomic loci, splicedout introns and the addition of the CCA tail conspire to make tRNAs a particularly difficult case for read mapping algorithms. Typical mapping protocols for differential gene expression analysis, for instance, accept only reads with unique best matches and thus almost completely disregard tRNAs altogether. The CCA tail implies up to three mismatches between query and target within only 76 nucleotides, often exceeding the thresholds for mapping accuracy. The same can be said for the base misincorporations in course of the reverse transcription step during sequencing library preparation, induced by the multitude of chemical modifications. As a consequence, specialized mapping strategies are required to analyze tRNAs w.r.t. both their expression levels and the patterns of chemical modifications.
With the growing interest in detecting tRNA modifications by means of high-throughput sequencing (Helm and Motorin, 2017) , these issues have been addressed by several alterations to the reference sequences to which the reads are aligned. Most often, only a consolidated tRNA-transcriptome is used as the reference sequence (Clark et al., 2016; Hauenschild et al., 2015; Mercer et al., 2011) . Other successfully applied mapping strategies use the complete native genome further extended with mature tRNA sequences (Cozen et al., 2015) . Reads mapping to multiple reference locations were either filtered stringently (Mercer et al., 2011) or the analysis was restricted entirely to uniquely mapped reads (Clark et al., 2016; Hauenschild et al., 2015) by employing an 'any-best' mapping strategy [such as bowtie with the -k 1 option (Langmead and Salzberg, 2012) ].
To the best of our knowledge the consequences of different mapping strategies for the detection of tRNA modifications have not been investigated systematically. To close this gap we aim in this contribution to evaluate the performance of different mapping strategies with the help of simulated tRNA-seq reads. These observations informed a workflow that uses modified genomic reference sequences to accommodate CCA tails and a reduced set of tRNA sequences that represent groups of very similar paralogs. As an application of the novel mapping strategy we compare tRNA modification patterns between different human tissues and observe systematic deviations in particular in testis and esophagus muscularis mucosae.
Materials and methods

tRNA annotation and genome pre-processing
A total of 857 functional nuclear tRNAs and 126 pseudo-tRNAs were annotated with tRNAscan-SE v1.3.1 (Lowe and Eddy, 1997) in the human hg38 genome using the default model for eukaryotes. Only 21 of the known 22 mitochondrial tRNAs could be annotated via tRNAscan-SE applying the -O option for detection of organellar tRNAs. The missing mitochondrial tRNA was manually added from the mitotRNAdb (Jü hling et al., 2009) . All annotated tRNA genes were then masked in the native reference genome using BEDTools v2.25.0 (Quinlan and Hall, 2010) .
Subsequently, two different tRNA libraries were generated from the detected tRNAs, with the omission of pseudo-tRNA genes, in order to derive pre-tRNAs and mature tRNA sequences. For the pre-tRNA library, 3 0 and 5 0 genomic flanking regions of length 50 nt were extracted from the genome with BEDTools and added to the corresponding tRNA sequence in order to simulate the elongated 5 0 leader and 3 0 trailer sequences. Intronic sequences were removed. These pre-tRNA sequences were appended as additional 'chromosomes' to the tRNA-masked genome. tRNA genes without flanking regions were transformed to mature tRNAs by appending 3 0 CCA tails and removing intronic sequences. These mature tRNAs of the same type were clustered according to identity thresholds of 97, 98 and 100%. A k-mer based greedy algorithm [DNACLUST, release 3, (Ghodsi et al., 2011) ] as well as a centroid-based greedy algorithm [usearch, v9.2.64_i86linux32, (Edgar, 2010) ] were applied, respectively. A consensus sequence for each cluster was constructed.
Simulation of RNA-seq data
Three replicas of single-end 50 bp long RNA-seq reads were simulated using the RNASeqReadSimulator (https://github.com/davidli wei/RNASeqReadSimulator). The reads for each tRNA were generated with a similar expression strength and contain random sequencing errors with an overall error rate of 0.5%. Five percent of the simulated reads origin from the pre-tRNA library and 95% from mature tRNAs. Modification sites were randomly chosen with a rate of 5% of all nucleotides from the mature tRNA library. Subsequently, the bases at chosen positions were altered within the simulated reads, following a random substitution matrix which was determined by the immediate neighbouring nucleotide (Tserovski et al., 2016) .
Instead of determining the modification pattern randomly for each genomic tRNA locus, we prepared a second test in which tRNAs with identical sequences also have identical modified positions. This set is of course easier to handle in the computational analysis. It is not clear at present whether biological reality is closer to the random modifications scenario, where mature tRNAs with identical sequence are treated differently by the enzymatic modification machinery depending on their genomic origin, or to the identical modifications scenario, in which modification patterns depend on the mature sequence only. A careful analysis of modification patterns should be able to shed light on this question. In total our simulations consider 2324 modified sites in the random modification scenario and 3001 modified sites in the identical modification model.
Read mapping and filtering
To permit error-tolerant mapping and keeping track of 'all best' alignments, reads were aligned to the artificial genome using Segemehl v0.2.0-418 (Hoffmann et al., 2009 ) requesting a minimal accuracy of 80% (allowing up to 20 mismatches for a 100 nt long read). Anticipating a high density of modification-induced mismatches and short reads due to the nature of tRNA, we opted for a reduced mapping sensitivity at the expense of longer computation time: we allowed a maximum of 3 mismatches in the seed regions, increased the e-value cut-off to 500 for seed extension, and considered at most 1000 mappings per seed. Reads that do not map the concatenated pre-tRNA chromosomes of the artificial genome or reads which map to the remaining tRNA masked genome were filtered out, respectively. Reads of possible pre-tRNA origin were selected by identifying reads which partly align to the flanking regions of the pre-tRNA chromosomes, tolerating the CCA overhang of mature tRNA reads.
Depending on the workflow variant, the subset of filtered reads was aligned in a second step against one of the specific clustered mature tRNAs or against the unclustered mature tRNA library. Segemehl was again used for the alignment with the same custom parameter settings as in the first mapping step, except for 85% mapping accuracy. These settings lead to best results and accurately map reads while preserving modifications. In the first mapping step, which acts as a filter to remove reads that do not map within the defined boundaries of mature tRNAs, the reduced accuracy is required to keep the false negative rate low. All mapped reads are then realigned with GATK's (Genome Analysis Toolkit) IndelRealigner [v3.6-0-g89b7209, (McKenna et al., 2010) ] to minimize the number of mismatching bases, especially around indels, across all reads.
Sequence variation analysis
RNA modification sites are detected by analyzing patterns of nucleotide misincorporations in the mapped reads. It is important, therefore, to distinguish random sequencing errors and mapping artefacts from true misincorporation sites. For this purpose we employed GATK's UnifiedGenotyper, which suppresses low quality sites.
In addition, we tested a custom implementation of a modification caller because we expected that random incorporated bases would produce sequencing patterns that are systematically different from those produced by single nucleotide polymorphisms in large cohorts of individuals. There is no reason to assume that variation calling algorithms expecting polymorphism data as input would perform particularly well with sequencing errors introduced by chemical modifications. Therefore we aimed to call modification sites exhibiting more errors than expected for several substitution events. To this end, we independently tested for each substitution whether for a given site it occurred more often than expected by chance. The background distribution of the misincorporations is assumed to resemble a binomial distribution. The p-values obtained in the manner are merged over all replicas possible substitutions, using Fisher's method, resulting in a merged p-value for each site which was eventually corrected for multiple testing (Benjamini and Hochberg, 1995) . Details on the implementation of the outlined algorithm and its application can be found in the Supplementary Method section.
Performance evaluation
To determine the sensitivity and specificity of the different analysis steps of the simulated data we compare the predicted variation with our simulated modification sites. Therefore we counted all true positives (TP), false positives (FP), true negatives (TN) and false negatives (FN), respectively. Variations at positions where the cluster consensus sequence differs from at least one sequence in the cluster, are ignored. Performance is expressed as true positive rate (TPR ¼ TP=(TP þ FN), sensitivity), false negative rate (FNR ¼ FN=(FN þ TP)), true negative rate (TNR ¼ TN=(TN þ FP), specificity) and false discovery rate (FDR ¼ FP=(FP þ TP)).
Fitting tRNAs to the standard tRNA model
Due to the variable D-loop and V-region, tRNAs differ in length and have to be fitted to the standard tRNA model to make the identified variations comparable among others and to known modification sites. Therefore, we aligned all sequences of our tRNA library against the tRNA sequences containing secondary structure notation fitting the standard tRNA model of the tRNAdb database (Jü hling et al., 2009) using BLAST v2.4.0 (Altschul et al., 1990) . The secondary structure notations were taken from the highest scoring BLAST hits.
Data sources and pre-processing
Strand-specific small RNA-seq data from rRNA-depleted total RNA > 200 nucleotides in size were obtained from the Encode project (Consortium, 2012; Sloan et al., 2016) . The ENCODE datasets were chosen to represent three different organs brain, muscle and gonades of H.sapiens. For each organ two different tissues were considered and biosamples showing approximately the same age were used as replicas. The tissues cerebellum (female 19 weeks and female 37 weeks: GEO: GSE78291) and diencephalon (female 20 weeks and male 22 weeks: GEO: GSE78292) were selected for brain, esophagus muscularis mucosa (female 51 years: GEO: GSE88169, female 53 years: GEO: GSE88236, male 37 years: GEO: GSE88128) and skeletal muscle (female 19 weeks and male 22 weeks: GEO: GSE78300) for muscle organ as well as testis (male 54 years: GEO: GSE88414, male 37 years: GEO: GSE88124) and ovary (female 51 year: GEO: GSE87965) for gonade.
Adapters of the raw reads were trimmed using BBDuk from the BBMap toolkit (v36.14, https://github.com/BioInfoTools/BBMap) with a k-mer size of ten allowing to use shorter 8-mers at the end of the read and a Hamming distance of one. To pass the determined quality filter, read quality needed to surpass a Phred score of 25 and achieve a minimal length of 50 nt and a maximum length of 100 nt after trimming of adapter and low quality bases. FASTQC (v0.11.4, https://www.bioinformatics.babraham.ac.uk/projects/fastqc/) was applied for standard pre-and post-trimming quality control.
Results
Best-practice mapping strategy
The detection of modified RNA nucleotides from RNA-seq data by means of patterns of base misincorporation requires that each NGS read is precisely assigned to its true genomic origin. This is of course a non-trivial task for NGS applications in general. This problem is even more difficult for tRNA modification calling due to the large number of modifications, and thus misincorporation sites in tRNAs and their multicopy nature with many identical and nearly identical tRNA genes. This makes it virtually impossible to determine with certainty the exact genomic origin of any particular tRNA read. We therefore resorted to simulated RNA-seq data to establish a bestpractice mapping strategy because the known ground truth allows us to evaluate the effect of different analysis steps on the sensitivity and specificity of RNA modification site calling.
We identified three critical problems for the successful RNA modification site detection:
i. The backend of the pipeline needs to discriminate between sites with a significant base misincorporation pattern indicative of a modification site and sites with spurious differences between the NGS read and the reference genome due to sequencing or mapping errors. To solve this problem, we use the GATK framework, which was designed to call single nucleotide variants in RNA-and DNA-seq data. In addition, we devised a more na ï ve approach to check for sites with a significantly higher misincorporation rate for all alternative bases compared to a transcriptome-wide binomial background error model. ii. The most difficult challenge are the ambiguities in determining the true origin of many NGS reads. To address this issue, we used different filter strategies in the read alignment step: (i) all score-optimal alignments of a read, (ii) retaining only uniquely mapped reads, i.e. those that have a unique score-optimal alignment to the reference genome and (iii) a phased middle-ground strategy that allows also multiple mapping reads only if they show exactly the same misincorporation pattern for all alignment positions. iii. The unusual processing of tRNAs with added CCA tails and the coexistence of tRNA genes with and without introns producing the same mature product requires adjustments to the reference against which the RNA-seq data are mapped. To address this issue, we evaluated different more or less modified reference genomes and tested all combinations with above described strategies for read filtering and modification site calling and evaluated its performance.
Our baseline, the starting point of our workflow development, was the most straightforward approach: reads were mapped against the unaltered human reference genome using the all, phased, or unique filtering rule. Modifications were called as statistically significant misincorporation sites without further processing (see Supplementary Fig. S1 ). To get a handle on the complexity of the transcriptome in general and the tRNA transcriptome in particular, we masked all tRNA loci in the human reference genome and subsequently appended customized tRNA sequences as extra 'chromosomes'. Most importantly, we attempted to distinguish NGS reads derived from immature tRNA precursors and those that are produced from mature tRNAs. To this end we attached the reference sequences of the tRNA precursor (with flanking regions but without CCA-tails and without introns) to the masked genome and parcelled out reads mapping at least partially to the flanking sequences or introns. These reads can be used for modification calling of tRNA precursors or be discarded. The remaining reads were mapped in a subsequent step against all mature tRNA sequences. In another variation not all tRNAs were added, but only clusters of more or less similar tRNA sequences were used as reference sequences. Those two methods were called unclustered and clustered, respectively.
The differences between clustered and unclustered reference tRNA sequences are only a minor factor when multiple mapped reads are allowed. The clustered tRNA reference genome performs much better in the case of uniquely mapped reads. For simulated reads with identical modifications using only reads that uniquely map to tRNA clusters, a true positive rate of 0.85 is achieved. Using reads mapping uniquely to unclustered tRNA results in true positive rate of only 0.25 (Fig. 1) . Correspondingly, the false negative rate is increasing, but the false discovery rates remain comparable. This shows that using only uniquely mapped reads against a clustered tRNA reference genome collapsed into a single representative outperforms all alternative approaches tested here, provided specificity is the main concern.
Since clustering identical tRNA together seems to be a worthwhile strategy, we wondered if allowing also non-identical tRNAs to be represented in the same cluster could improve the performance even further. We hypothesized that reducing several very similar sequences to a single consensus would reduce the difficulty of read mapping, and the accumulation of reads for very similar tRNA sequences could improve the signal-to-noise ratio in the modification detection step -at least in the identical modifications scenario. We therefore used different clustering methods and 1 up to 3 mismatches between tRNA sequences assigned to the same cluster. Empirically, however, we did not observe an improvement: All examined thresholds and cluster techniques exhibited a very similar (although smaller) true positive rate but were much less specific compared to the clustering with 100% identity in terms of the false discovery rate (Supplementary Fig. S2 ).
After the read mapping procedure, alignments can be filtered with respect to the number of loci they map to. The effect of filtering on performance in general is as expected: sensitivity decreases and specificity increases from all, over phased, to uniquely mapped reads. The choice of filtering strategy seems to be the best way for the user to tweak the trade-off between sensitivity and specificity. At least for the simulated data, using only uniquely mapped reads seems to yield the best balance between false positives and false negatives. The false discovery rate drops from 0.16 (all) to 0.02 (unique), while the true positive rate only drops from 0.91 (all) to 0.85 (unique) for the clustered method (Fig. 1) .
We have defined the optimal alignment(s) as the one(s) with the minimal edit distance between read and reference sequence. Base misincorporations in the reads and similarities can cause incorrect alignments whenever a misincorporation is compensated by a difference in an alternative reference location. Such cases cannot be recognized by filtering strategies. In the simulated data, 1% of the uniquely mapped reads do not map to the correct position (see Supplementary Fig. S3 ). Segemehl can also report suboptimal alignments. Using this feature shows that the correct alignment scored only a single mismatch worse that incorrect one in these cases. Conversely, correct optimal alignments have incorrect suboptimal alternatives that differ by a single mismatch in many cases. Thus the performance of the mapping cannot be improved by either including suboptimal read alignments (see Supplementary Fig. S3 ) or by requiring a large score gap between best and next-best alignment.
We compared the two different modification site calling approaches: GATK's UnifiedGenotyper and our ad hoc Pfropfen approach (see Materials and methods section). We observed that Pfropfen seems to be more sensitive at the expense of reduced specificity (Supplementary Figs S4 and S5 ). It seems that UnifiedGenotyper's more sophisticated handling of mapping artefacts outweighs the benefit of applying a statistical model that reflects the expected counts from a random misincorporation process. Nevertheless, the slightly increased true positive rate indicates that there is still room for improvement of the calling procedure by tailoring it to the underlying processes.
In conclusion, we propose a best-practice workflow to detect tRNA modification sites in RNA-seq data depicted in Figure 2 : tRNA genes are annotated by tRNAscan, masked in the reference genome and subsequently supplemented by tRNA sequences. In a first step pre-tRNAs were added and reads displaying specific precursor hallmarks are separated. In a second step sequences representing identical tRNA sequences are added. Only uniquely mapped reads are used for the follow up modification site calling using GATK's UnifiedGenotyper. Using our simulated data and a tRNA specific mapping to handle the high density of modification induced mismatches at the reads we received a FDR of 0.02, a TPR of 0.85 and a TNR > 0.99 for the identical modifications scenario. An implementation of the best-practice workflow is available as bash script and as Galaxy workflow at https://github.com/ AnneHoffmann/tRNA-read-mapping, repectively.
Although the method was developed specifically for tRNAs, it is also applicable to other small RNAs with nearly identical paralogs. As a pilot study we used publicly available miRNA-seq data to reevaluate a small sample of miRNAs for which modification and editing sites have been reported previously (Deepanjan et al., 2017) . We indeed recovered some of the published cases, using a much more stringent mapping strategy, see Supplementary Method section and Supplementary Table S1 for details.
Tissue-specific differences in human tRNAs
To call modifications sites in real datasets, we applied our bestpractice method to the human RNA-seq data from the Encode project for different tissues described in the Materials and methods section. A closer look to the mapped reads with the Integrative Genomics Viewer (IGV) (Robinson et al., 2011; Thorvaldsdó ttir et al., 2013) confirms that the exclusion of pre-tRNA reads after the FN) . Using unique filtered reads, the clustered method is more sensitive and shows less errors, especially FN, in comparison to the unclustered method (Color version of this figure is available at Bioinformatics online.) Fig. 2 . Scheme of the best-practice workflow for detecting tRNA misincorporations. The top part describes the construction of the artificial and cluster genome, the middle section refers to the mapping steps, the bottom layer describes the post-processing. For details see main text first mapping step is helpful to reduce false positive hits originating from modified pre-tRNA reads (Supplementary Fig. S6 ). This pretRNA cleaning step is more efficient than softclipping, due to pretRNA reads spanning the whole tRNA.
The different filter strategies (all, phased and unique) produce consistent patterns of misaligned reads for both real and simulated data. This can ultimately lead to incorrect calls of modification sites (Supplementary Figs S7 and S8) . In both datasets the unique filtering strategy appears to be the best-practice to reduce the calling of false positive misincorporations caused by multiple mapped reads. Furthermore, we observed that tRNAs that vary only in one or a few individual nucleotides may already show different modifications even within the same tissue ( Supplementary Fig. S9 ). From this we conclude, that tRNA modification patterns depend heavily on the mature sequence. This suggests that our simulated data scenario containing identical modifications for identical sequences fits better to the biological reality than the random modification scenario.
A recent study based on LC-MS quantification demonstrated that the relative abundance of nucleotide modifications in tRNAs varies substantially between different tissues in mouse and pig (Brandmayr et al., 2012) . Thus, we were interested to determine whether such differences are also detectable from RNA-seq data and if so, whether there are also qualitative differences in the sense that different locations are modified. The answer to both questions is affirmative. We observe two clearly distinct types of modification patterns (Fig. 3) in our analysis. The four tissues cerebellum, diencephalon, ovary and skeletal muscle show nearly identical qualitative modification patterns. These tissues share 29 sites of the same modifications. Diencephalon has additional modified tRNA sites in the TWC-stem and in the acceptor stem. Additional modifications in the TWC-stem are found for ovary. These differences are fairly minor, however. In contrast, the modification patterns in esophagus muscularis mucosae and testis are very different. Both tissues exhibit 38 identical modified tRNA sites, with 12 additional modified sites in esophagus muscularis mucosae. Only 20 sites are common to all tissues. For a detailed listing of the detected modification sites see Supplementary Table S2. In cerebellum, diencephalon, ovary and skeletal muscle the same 292 tRNAs are modified. Although the modifications are not always identical, they nevertheless yield the same consistent pattern (Supplementary Fig. S10 ). This is also the case for the esophagus muscularis mucosae and testis data. Here, only 104 tRNAs carry identical modifications, while the same 245 tRNAs are modified in both tissues. However, 227 tRNAs showing modifications in each tissue, but just 39 tRNAs are identically modified. These data show that tRNAs are modified in a tissue specific manner (Supplementary Fig. S11 ).
The 1-methyl-adenosine m1A modification is the most prominent one which is directly visible as conspicuous accumulations of mismatches in tRNAs. It has been reported that this particular modification of adenine is typically interpreted by the sequencer as an A-to-T transversion or an A-to-G transition (Findeiss et al., 2011) . Strikingly, we detected in all six tissues at the known m1A modification site 9 and at the position 58 a A-to-G-T substitution. Additionally, RNA-seq data exhibits increased error rates for methylguanosine modifications such as 1-methylguanosine m1G and N2-methylguanosine m2G (Findeiss et al., 2011; Ryvkin et al., 2013) . The m1G modification at the positions 9 and 37 are observable as G-to-A-C-T sequence substitutions, which we found in a high amount of tRNAs for all six tissues. We also detected the m2G modification at the position 6 for the 4 tissues cerebellum, diencephalon, ovary and skeletal muscle and at the positions 10 as well as the m2, 2 G modification at position 26 for all six tissues, respectively. Both are recognizable by a G-to-C transversion or a G-to-T transition. Further, we noticed a A-to-G transition or A-to-C transversion at the position 34, 37 at the anticodon-loop and at the position 57 at the TWC-loop for a high number of tRNAs, referencing to an Inosine modification (Torres et al., 2015) . A comparison of the misincorporation sites stored in the tRNAmodviz (Machnicka et al., 2014) database with our detected variations at this positions is collected in Supplementary Table S3 .
Discussion
The general problem of determining the genomic origin of transcript fragments deriving from multi-copy or repetitive regions did only Supplementary Table S2 recently get the deserved attention (Holtgrewe et al., 2011) . In this respect, tRNAs are, due to their well defined boundaries, a special case. Nevertheless, the lessons learned can be generalized to some degree. Given that clustering of very similar tRNAs, as long as they are not identical, leads to a decrease in modification calling performance, it becomes evident that clustering based approaches are not suitable for more divergent classes of multi-copy elements such as Alu-repeats (Wildschutte et al., 2015) . For the mere purpose of transcript quantification different probabilistic approaches were presented to assign reads to the most likely origin (Hashimoto et al., 2009; Kahles et al., 2015) . Those are unfortunately not suitable for nucleotide variants, and in this sense also modification calling. An exciting proposed strategy could be to dynamically update the reference sequence based on already seen variants (B rinda et al., 2016) . Such a strategy could be used to layaway from discriminable regions into indistinguishable by using the co-occurrence of modification site, if such occur densely enough.
For the moment the best available strategy to analyze tRNA-seq data consists of collapsing identical sequences together to reduce the search space and use only uniquely mapped reads. This strategy however can only be advised for relatively short RNA families, such as miRNAs or tRNAs, due to their well defined boundaries and their convenient gene length to read length relationship. If the reference sequences to be clustered are much longer than the produced RNAseq reads, a local clustering has to be applied, since differences at the far distant beginning can not be used to discriminate reads mapping to the very end of the region. In this contribution we surmized that our phased read filter, where we allowed reads to be multiple mapped but only if displaying identical misincorporation patterns, could potentially come up to such a local clustering strategy. Unfortunately, it did not live up to our expectations. Although, using phased reads performs half way between using all reads and only uniquely mapped reads in the native reference genome approach with respect to sensitivity and specificity ( Supplementary  Fig. S1 ), it does not reach the same quality of modification site calling than applying a pre-clustering of identical reference genome sequences (Fig. 1) . Nevertheless, it seems to be a viable option for research questions where a global clustering is not possible and sensitivity is of more interest than specificity.
Besides generic small RNA-seq experiments, there are meanwhile often used specific library preparation protocols which are capable to capture reverse transcription arrests (Helm and Motorin, 2017) . Using such data comes with a few consequences. Obviously, in the last step of modification site calling information of aborted reverse transcriptions should be included. Specialized software tools were developed for this purpose (Hauenschild et al., 2016) . We decided on purpose to use generic read data and to focus on mismatches between reads and reference genome to detect modification sites. First, this allows us to tap the rich resources of publicly available small RNA-seq data; second, RNA-seq reads with reverse transcription arrests are even shorter and thus even more difficult to map. Nevertheless, we think that most conclusions drawn from our generic RNA-seq simulation data will also apply to sequencing protocols aiming at modification detection via RT arrest.
It is important to note in this context that by no means all chemical modifications are visible in generic RNA-seq data due to RT/PCR blocking or pausing, see Motorin et al. (2007) and Helm and Motorin (2017) for an overview. Other modifications, e.g. pseudouridinylation or ribose methylations require a specific chemical treatment before they become detectable by sequencing techniques. Our analysis of tissue-specific modification differences is of course restricted to the former subgroup.
Although we observed striking tissue-specific differences in tRNA modification patterns, a functional explanation remains elusive. At this point we can only note that neither the developmental stage (cerebellum, diencephalon, skeletal muscle from fetal sources; testis, ovary, esophagus muscularis mucosae from adult sources) nor the tissue turnover rate (Richardson et al., 2014) seems to be a convincing cause for the differences summarized in Figure 3 . It is well known that tRNA expression patterns vary up to 10-fold between different tissues (Dittmar et al., 2006) . However, testis and ovary show distinct tRNA modification patterns but very similar tRNA expression patterns relative to brain tissue samples (Dittmar et al., 2006) . This makes it very unlikely that the reported modification differences are an artefact resulting from ascertainment biases resulting e.g. from different sensitivities for the detection of different modifications. On the other hand, some biological explanations for expression differences might also account for differences of modification patterns. One hypothesis postulates that modifications may be introduced to reduce misfolding and the subsequent degradation and/or dysfunctioning of tRNAs (Maraia and Arimbasseri, 2017) . Differences in the modification patterns may influence the relative abundance of functional tRNA and favour the expression of mRNA with suitably adapted codon bias (Tuller et al., 2010) . It is also conceivable, however, that the different modification patterns are the results of different expression levels of specific modification enzymes that have evolved for reasons unrelated to tRNA biology.
Conclusion
We presented in this contribution a best-practice workflow to handle RNA-seq reads which map to multi-copy gene locations and make use of the mapped reads to call RNA-DNA differences, indicative of chemical RNA modifications. To this end we made use of simulated RNA-seq reads of tRNA origin in human. We could show that the presented procedure of reference genome adaptation and multi-step read filtering in combination with established nucleotide variant caller results in a reasonable trade off between sensitivity and specificity. Applying this analysis strategy to generic human small RNA-seq data showed that the resulting called modification sites can distinguish between very similar tRNA genes. Furthermore, we could show that the already vast amount of publicly available small RNA-seq data is a hitherto mostly untapped resource to examine the modification status of tRNAs. Using such data we discovered that there are surprising differences in the modification patterns between human tissues. While most of the tissues investigated here closely conform to a consensus pattern, there are drastic deviations in esophagus muscularis mucosae and testis. It is well known that differences in tRNA modification can also be associated with human diseases, e.g. mitochondrial dysfunctions, metabolic defects, neurological disorders and cancer (Sarin and Leidel, 2014 ). Our results demonstrate that variation in modification patterns are not at all limited to dysfunction or immortalized cell lines but also appear naturally in healthy tissues. This observation certainly deserves closer inspection in future work. In particular, it will be interesting to see if tissue specific differences are evolutionary conserved, which would suggest that they are directly related to functional differences between tissues. With the method being applicable also to miRNA data, it becomes feasible, to investigate modification patterns and their evolution also in other multicopy RNA families, including miRNAs, snoRNAs and snRNAs.
